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Background
The understanding of the tumor environment at a cellular level facilitates 
better comprehension of cancer mechanisms and the development of 
new therapeutic strategies. The advent of imaging-mass cytometry (IMC)1
empowers researchers to simultaneously analyze dozens of single cell 
parameters in situ, potentially yielding profound insights into cancer 
biology. Manual analysis is limited in clinical application and significance 
due to IMC data’s high dimensional and heterogenous characteristics. 
Computational tools like machine learning and deep learning demonstrate 
great potential to extract knowledge from complex data. This exploratory 
work adopts the unsupervised clustering and neighborhood analysis 
techniques to explore cell phenotypes and spatial organization in IMC 
data, aiming to better understand lung tumor microenvironments.  
Methods and Results
We first collect IMC data, including 35 lung nodule tissues with 297 
regions of interest stained using 35 unique markers. Then, the whole-cell 
and nuclei are segmented using a convolutional neural network (CNN) 
model developed at Stanford2. Next, we explore the clusters of these 
segmented cells via their marker staining signals. We then investigate 
through clustering algorithms, including Phenograph, and t-SNE 
repeatedly with varying cell numbers3. The results provide us with a 
robust image of the cell clusters, and what features each group 
exemplifies the most.
Discussion
The clustering stage has been completed (Figure 2) with various key 
features already present. First, when clustering with 10,000 cells, there 
appears to be 16 groups, but as this number increases to 20,000 or 
above, we see the clusters plateau at 19. These 19 individual clusters 
share some unique features that can classify their cell type and behavior 
more accurately. The categorization of the features in the clusters allowed 
us to create a heat map (Figure 4), and mark mean trait intensities in 
each cluster. One important thing to consider is that at the current stage 
we are unable to note what type of cell each cluster is with great 
accuracy; we can only make predictions based on the gene expressions 
visualized through the staining’s. Furthermore, the change in the number 
of clusters as we increase the number of cells indicates that some cells 
might be quite similar to one another. 
Next, we hypothesized that the tumor microenvironment should be 
different form that of normal tissue. Using qualitative analysis on both the 
heatmaps produced from the neighborhood analysis we can there are 
some clear differences. First, based on the ADC heatmap (Figure 6) we 
can there is dramatic increase in significant interactions, many of these 
indicating that cells clusters are not spaced near each other. Additionally, 
we can see one cluster of calls that interacts highly with other clusters 
seen in the normal tissue (Figure 5) has shifted it proximity in relation to 
other clusters. There is a stark increase in the number of cells that do not 
share any proximity to one another. 
Conclusion
To conclude, by utilizing unsupervised clustering and neighborhood 
analysis techniques on IMC data, we have been able to cluster cells into 
unique categories, providing a considerable amount of insight into what 
may be present in the tissue microenvironment and the differences 
between lung adenocarcinoma and normal tissue. This project is ongoing 
as we plan to continue deeper levels of analysis to elucidate patterns of 
cellular interactions among the lung tumor microenvironments.
Then, we focus on the spatial analysis of cells belonging to different 
clusters, to inspect cell neighborhood interactions and tumor immune 
borders. To see if there were any differences between ADC tissue and 
normal tissue, we used histoCAT’s neighborhood analysis tool across the 
staining's of the ADC and normal tissue interpedently4. Due to 
computational limitations, we used the first region of interest (ROI) across 
each of the 22 samples that were either normal or ADC. This provides us 
with a clear visual on spatial variability between the two samples. 
Title of the Poster Presentation Goes Here
Authors of the Poster Presentation Goes Here
Institutional and/or Graduate School of Biomedical Sciences Affiliation Goes Here 
Objective
Due to the exploratory nature of our work, we approached an IMC dataset 
to better understand the genetic expression present in a tissue 
microenvironment. Our goal was to compare the tumor microenvironment 
of adenocarcinoma (ADC) tissue to regular healthy tissue, in search of 
critical differences cell neighborhoods. 
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Figure 2: Cell Clustering using Phenograph algorithm on 20000 cells from each tissue 
sample. Unique colors represent new clusters of cells.  
Figure 5: Heatmap of Neighborhood Analysis on normal lung nodule tissues across 42 
clusters created through an  independent Phenograph heatmap on histoCAT.  Blue 
represents significantly lower levels of proximity between two clusters, while red 
demonstrates significantly increased levels of proximity. 
Figure 6: Heatmap of Neighborhood Analysis on adenocarcinoma lung nodule tissues across 
42 clusters created through an independent Phenograph heatmap on histoCAT. Colors 
represent the same proximities as Figure 3. 
Figure 4: Heatmap demonstrating the level of expression seen through 35 unique staining 
methods on 19 unique clusters of lung nodule tissue. Clusters created through 20,000 
sample cells per tissue. More expression is seen by green-yellow intensities. 
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Methods and Results (continued)
Figure 1: Raw IMC data showing various staining of proteins to show gene expression 
patterns across lung nodule tissue.
Figure 3: Example of a t-SNE results showing the spread of  the NaKATPase staining across 
all the clusters. This visualization provides a grasp of which clusters exibit which features. 
